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18S-V4metabarcoding indifferent European countries. Raw sequence data from29biofilm sampleswere treated by each
of the bioinformatics pipelines, five of them using the same curated reference database. The outputs of the pipe-
lines were compared in terms of sequence unit assemblages, taxonomic assignment, biotic index score and eco-
logical assessment outcomes. The three last components were also compared to outputs from traditional light
microscopy, which is currently accepted for ecological assessment of phytobenthos, as required by the Water
Framework Directive. We also tested the performance of the pipelines on the two DNA markers (rbcL and 18S-
V4) that are currently usedby theworking groups participating in this study. The sequence unit assemblages pro-
duced by different pipelines showed significant differences in terms of assigned and unassigned read numbers
and sequence unit numbers.When comparing the taxonomic assignments at genus and species level, correspon-
dence of the taxonomic assemblages between pipelineswasweak.Most discrepancieswere linked to differential
detection or quantification of taxa, despite the use of the same reference database. Subsequent calculation of bi-
otic index scores also showed significant differences between approaches, which were reflected in the final eco-
logical assessment. Use of the rbcL marker always resulted in better correlation among molecular datasets and
also in results closer to these generated using traditional microscopy. This study shows that decisions made in
pipeline design have implications for the dataset's structure and the taxonomic assemblage, which in turn may
affect biotic index calculation and ecological assessment. There is a need to define best-practice bioinformatics
parameters in order to ensure the best representation of diatom assemblages. Only the use of similar parameters
will ensure the compatibility of data from differentworking groups. The future of diatommetabarcoding for eco-
logical assessment may also lie in the development of newmetrics using, for example, presence/absence instead
of relative abundance data.
© 2020 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://
creativecommons.org/licenses/by/4.0/).1. Introduction
Diatoms are valuable indicators of ecological status of water bodies
(Smol and Stoermer, 2010) and are widely used as proxies for
“phytobenthos”, part of the “Macrophyte and Phytobenthos” biological
quality element specified for ecological status assessment in the
European Water Framework Directive (WFD: European Commission,
2000). The current approach to environmental quality assessment
using diatoms is to identify and count diatomvalves froma biofilm sam-
ple using light microscopy. The relative abundance of species found in
the sample are then used to calculate a biotic index which is translated
into ecological status classes (ranging from high to bad status) (Kelly
et al., 2009; Kelly et al., 2014). This approach, however, is time-
consuming and requires extensive taxonomic expertise. Variations in
taxonomic expertise or concepts can lead to significant discrepancies
in the taxa lists produced in different laboratories (Kahlert et al., 2008).
There is, as a result, considerable interest in alternative methods,
with a strong focus on the development of DNA metabarcoding with
data generated by High-Throughput Sequencing (HTS). The
metabarcoding method could potentially provide a faster and cheaper
way of identifying species at higher taxonomic resolution than is possi-
ble using the traditional method. Diatommetabarcoding has developed
rapidly over the past decade (Kermarrec et al., 2013, Kermarrec et al.,
2014, Visco et al., 2015, Zimmermann et al., 2015, Apothéloz-Perret-
Gentil et al., 2017, Siegwald et al., 2017, Vasselon et al., 2017b, Bailet
et al., 2019, Mortágua et al., 2019, Chonova et al., 2019, Rivera et al.,
2020) and has the potential to be applied routinely for ecological assess-
ment of streams at national scale (Kelly et al., 2018a, 2018b). However,
as well as the diversity of existing methods and protocols within and
among countries, there is still a lack of standardization and harmoniza-
tion (Tapolczai et al., 2019b) hampering the establishment of a robust
approach at the European scale to meet WFD requirements. Several
methodological “hot-spots” such as reference databases (Weigand
et al., 2019), quantification, stabilisation of technologies and protocols
still require development. Over the years, developments such as evalu-
ation of different barcode regions (Kermarrec et al., 2013) or different
DNA extractionmethods (Vasselon et al., 2017a), and also the extension
of reference barcode databases (Rimet et al., 2018; Rimet et al., 2019)
have allowed a consensus to develop, from which standards might be
derived (CEN, 2018a; CEN, 2018b).
There is currently a great variety of bioinformatics pipelines avail-
able for diatom metabarcoding in Europe. Some use software packagessuch as Qiime (Caporaso et al., 2010) or Mothur (Schloss et al., 2009)
which are wrappers around a family of different methods for both su-
pervised and unsupervised clustering. Others are script-based processes
such as MetBaN (Proft et al., 2017) and Diagno-syst (Frigerio et al.,
2016). Until now, bioinformatics pipelines for diatom metabarcoding
have been developed and optimised by groups working in relative iso-
lation. There is a need to evaluate how these pipelines perform in com-
parison to one another, and if any have clear advantages over the others.
Metabarcoding usually includes bioinformatics steps for the pre-
processing of the sequences (demultiplexing of samples, paired-end
fragment assemblage) and for cleaning the HTS data (quality filtering,
chimera removal). At each stage, developers are free to select appropri-
ate parameters such as filtering criteria or chimera removal algorithms.
Furthermore, several strategies have been applied to link sequences to
reference databases. These include clustering of similar sequences into
OTUs (Operational Taxonomic Units) (Zimmermann et al., 2015;
Vasselon et al., 2017b; Mora et al., 2019), or into ISUs (Individual Se-
quence Units) (Visco et al., 2015; Rivera et al., 2020), strict supervised
clustering (Bailet et al., 2019) or taxonomy-free approaches
(Apothéloz-Perret-Gentil et al., 2017). The diversity of bioinformatics
analyses which results has been shown to have an impact on the taxo-
nomic inventories produced from pipelines and in turn, on ecological
assessment outcomes when using diatoms (Tapolczai et al., 2019a;
Rivera et al., 2020), in turn, complicates inter-study comparisons.
In this study we provide a comparison of six bioinformatics pro-
cedures, implementing different pipelines currently proposed for
ecological assessment with diatoms in six European countries
(Croatia, France, Germany, Switzerland, Sweden and United
Kingdom). Each pipeline was used to treat HTS data from 29 biofilm
samples from lakes and rivers of Scandinavia, using a standardized
reference database to minimize bias introduced from this source.
We compared the sequence unit (OTUs and ISUs) assemblages pro-
duced, as well as the taxonomic assignment at genus and species
level, the biotic index scores and the ecological status assessment.
The main focus of our study was to compare the performance of dif-
ferent bioinformatics pipelines to each other. We also compared the
performance of each bioinformatics pipeline to that of traditional
light microscopy to illustrate possible consequences of pipeline dif-
ferences when using them for ecological assessment. We compared
two different DNA barcode markers commonly used for diatom
metabarcoding: a fragment of the plastid gene rbcL and the V4 re-
gion of the nuclear-encoded 18S gene.
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ate different assemblages of sequence units, ii) this, in turn, creates dis-
crepancies in taxonomic assignment at genus and species level (in
terms of presence/absence and relative abundances), iii) as a result of
these taxonomic discrepancies, significantly different index scores are
generated by different pipelines, iv) the differences in index scores
lead to divergence of the ecological assessments between pipelines
and methods; and, v) the bioinformatics analyses will provide higher
taxa abundance and diversity when using the DNA marker they were
optimised for. Finally, we consider the bioinformatics choices that are
likely to be responsible for the observed discrepancies and the implica-
tions for environmental assessment.
2. Material and methods
2.1. Process outline
This study aimed to perform the entire bioinformatics analyses de-
signed by each of the six research groups currently developing diatom
metabarcoding in Europe on the same set of raw sequences, and to com-
pare the outcomes. DNA amplification and sequencing of all samples
was performed at the University of Geneva in order to exclude variation
in these steps from the study. A single curated reference database was
selected to avoid any bias from this source, and all except one pipeline
used it for taxonomic assignment. The raw FASTQ files, tags sequences,
primer sequences and the cleaned reference databases were sent to all
six working groups to run through their pipelines. The bioinformatics
steps included demultiplexing (removing tags bases and associating
the sequences to their original sample), the creation of ‘contigs’ (merg-
ing the two pair-end sequences generated by MiSeq technology),
cleaning the dataset (length, quality check etc.), sequence unit cluster-
ing, and taxonomic assignment. Finally, we calculated the Specific Pollu-
tion Sensitivity Index (“Indice de Polluosensibilité Spécifique” IPS:
Cemagref, 1982) for all samples using the taxa lists created with each
pipeline, fromwhich anecological status class could bederived. For sim-
plicity, we used the Swedish method for ecological classification
(Kahlert et al., 2007), as all samples originated fromNorthern countries,
and the Swedish system recognises one water type and a single refer-
ence (i.e. expected) IPS value only. All results were compiled for data
analysis at sequence unit level, assigned taxonomy level and ecological
assessment level. Each analysis was performed in parallel on the
datasets generated with the rbcL and with the 18S-V4 markers.
2.2. Sample selection
A dataset of 29 biofilm samples collected from rivers and lakes of
Nordic countries (Sweden, Finland, and Norway) was used for this
study (subset of the samples used in Bailet et al., 2019, Supplementary
S8). The selected samples cover a broad ecological gradient, with total
phosphorus ranging from 0.2 to 433 μg/l, and pH ranging from 4.6 to
8.6 (Supplementary S1). All samples were collected in autumn from
submerged hard substrata following the European standard for diatom
sampling (EN 13946:2014, CEN, 2014) and preserved with 97% ethanol
(final concentration approximately 70%) to protect the DNA from deg-
radation in long term storage (Stein et al., 2013).
2.3. Morphological analysis
Preparation, identification and counting for the diatom analyses
using light microscopy were performed using European and Swedish
standards (SS-EN 13946:2014 and SS-EN 14407:2014, SIS stöd, 2014a,
2014b, Jarlman et al., 2016). Briefly, samples were oxidized with hydro-
gen peroxide (H2O2) and mounted with Naphrax (Brunel Microscope
Ltd) to permanently fix the sample material on glass slides. At least
400 valves per sample were identified using a light microscope
(1000× magnification) using standard literature (Jarlman et al., 2016).To allow for a fair comparison between the molecular and the tradi-
tional method, we used a light microscopy assessment of the samples
that only included taxa that were represented in our cleaned reference
database. The assessment aims at species identification; however, dia-
tom identification to species level is not always possible. Hence, in this
study we use the term “taxa” which combines different taxonomic
levels (for example genus and species levels). However, we also analyse
assignment to genus or species level, respectively, and in this context
we use these exact terms.
2.4. DNA extraction and sequencing
Pellets of biofilms were prepared by centrifuging (at 13,000 rpm for
30 min) between 2 and 4 ml of the initial biofilm suspension. DNA ex-
traction was performed on the pellets using the Macherey Nagel
NucleoSpin® Soil kit (MN-Soil) following the manufacturer's instruc-
tions (e.g. Vasselon et al., 2017a). Two regions were amplified with
primers specific to diatoms. First, the hypervariable region V4 of the
18S rRNA gene was amplified using specific primers optimised for dia-
toms metabarcoding with Illumina sequencing by Visco et al. (2015).
PCR amplifications were performed as described in Visco et al. (2015).
The second marker used was a 312 bp fragment of the plastid rbcL
gene using primers and PCR conditions according to Vasselon et al.
(2017b), except that 2 μl of DNA extract was used and 35 PCR cycles
were performed. For both markers, we used a unique combination of
forward and reverse tagged primers with individual tags composed of
8 nucleotides attached at each primer's 5′-extremities (Esling et al.,
2015). Several different forward and reverse tagged primers were de-
signed to enable the multiplexing of all PCR products in a unique se-
quencing library for each marker. Three PCR replicates were
performed for each sample and were then pooled and quantified with
capillary electrophoresis using QIAxcel instrument (Qiagen). Equimolar
concentrations of PCR products were pooled for each library and puri-
fiedusing theHigh Pure PCR Product Purification kit (RocheApplied Sci-
ence). Library preparation was performed using the Illumina TruSeq®
DNA PCR-Free Library Preparation Kit. The libraries were then quanti-
fied with qPCR using KAPA Library Quantification Kit and sequenced
on a MiSeq instrument using paired-end sequencing for 500 cycles
with Standard kit v2. Sequencing was performed at the University of
Geneva on an Illumina MiSeq sequencer.
2.5. The different tested pipelines
2.5.1. Pipeline: Mothur (“ISUs script”); used in France (FR)
The pipeline was run entirely under Mothur version 1.43.0 software
(Schloss et al., 2009). The first stepwithMiSeq datawas to check the in-
tegrity of the forward and reverse primers, then to assemble the paired-
end reads (make.contigs), to demultiplex the samples and remove the
primer sequences (make.contigs) as well as removing reads with
more than one mismatch in the primer sequence (make.contigs). A fil-
tering step (screen.seqs) excluded any readswith an overlapping region
shorter than 100 bp between the forward and reverse fragments, below
a set read length range (263 + − 10 bp for the rbcL marker and
286 + − 10 bp for the 18S-V4 marker), with a Phred quality score
below 23 over a moving window of 25 bp, or with any ambiguous
base (“N”) and homopolymer over 8 bp. The dereplication step
(unique.seqs) kept unique sequences and their read abundance in the
sample. Sequences encountered only once across the dataset (single-
tons) were removed (split.abund). Then an alignment of the reads
was performed (align.seqs, default algorithm: Needleman-Wunsch)
and poorly aligned sequences were removed (screen.seqs) according
to an optimised start and end location and a set length range (as previ-
ously, 263 + − 10 bp for the rbcL marker and 286 + − 10 bp for the
18S-V4 marker). The sequences were trimmed to the preferred align-
ment length and a second dereplication step was applied to the aligned,
trimmed and filtered sequences. Potential sequencing errors were
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quences that arewithin 1mismatch from themost abundant sequences
were removed) and potential chimeras were detected with the
VSEARCH algorithm (chimera.vsearch) and removed (remove.seqs).
At this point, all Individual Sequence Units (ISUs) with an abundance
of only 1 read (or “singleton”) were again removed (split.abund, cut-
off = 1) and a taxonomic assignment was done using a naïve Bayesian
method (the Wang method: Wang et al., 2007) (align.seqs, cutoff =
60%). DNA reads unassigned to diatom classes (Fragilariophyceae,
Bacillariophyceae,Mediophyceae, Coscinodiscophyceae)were removed
(get.lineage).
2.5.2. Pipeline: Mothur (“strict alignment” script); used in Croatia (HR)
This pipelinewas run entirely in theMothur 1.42.0 software (Schloss
et al., 2009) and mainly followed the process of the previous Mothur
script with a few modifications (Fig. 1). First, the demultiplexing and
primer removal were combined with the assembling of the paired-
end reads with default parameters and trimming the sequences to
only the overlapping section (make.contigs). The filtering step (screen.Mothur-FR
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Fig. 1. Overview of the bioinformatics pipelines tested. A detailed description of each bioinfo
implementing the script in this study are used to refer to each bioinformatics analysis from h
codes: France (FR), Croatia (HR), United Kingdom (UK), Germany (DE), Switzerland (CH) andseqs) excluded any reads with an overlap ≤172 bp (minoverlap =
172) between the F and R fragment for the rbcL marker and an overlap
≤150 bp (minoverlap = 150) for the 18S-V4 marker. The dereplication
step was the same (unique.seqs), but there was no removal of single-
tons. An alignment of the readswas performed (align.seqs, default algo-
rithm: Needleman-Wunsch) and poorly aligned sequences were
removed (screen.seqs) applying the reference database similarity pa-
rameter (minsim = 100). Sequences were also filtered according to
an optimised start and end position (rbcL marker: start = 71, end =
243 and 18S marker: optimize = start-end-minlength). As for the pre-
vious pipeline, the dereplication stepwas performed again in case some
identical sequences appeared after screening the aligned sequences
(unique.seqs). Potential chimeras were detected with the uchime algo-
rithm (chimera.uchime) and removed (remove.seqs). The taxonomic
assignment (classify.seqs) was done using the Wang method (Wang
et al., 2007) on the unique sequences (ISUs) with cutoff = 0 to return
a full taxonomy for every sequence, regardless of the bootstrap value
for that taxonomic assignment. In contrast to the previously described
Mothur script, OTU clustering, consensus taxonomy assignment orMetBaN-DE
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rmatics pipeline is given in Section 2.5. The pipelines' name combined with the country
ereon (ex: Mothur pipeline used by the working group in France: Mothur-FR). Country
Sweden (SE).
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this pipeline.
2.5.3. Pipeline: Qiime; used in the United Kingdom (UK)
This pipeline is currently used in the United Kingdom for ecological
status assessment based on diatoms assemblages and is separated into
two parts: quality control and taxonomic assignment, as described in
Kelly et al. (2018a). This official pipeline does not include a
demultiplexing step because the sequencing platform (MiSeq) usually
performs this during the routine analysis, therefore, a step of
demultiplexing has been added specifically for this study (Fig. 1). This
extra step, absent from Kelly et al. (2018a), uses the make.contig func-
tion of Mothur with an oligo file (linking barcodes and samples ID).
The quality control stage included four steps: removal of PCR primers
from both strands using Cutadapt v1.9.1 (Martin, 2011), trimming
poor quality 3′ ends of sequences from both strands using Sickle v1.33
(Joshi and Fass, 2011), assembling paired-end reads using PEAR v0.9.6
(Zhang et al., 2013) and removal of any sequences with a quality score
lower than 30 and shorter than 250 bp using Sickle v1.33. The taxo-
nomic assignment part was mainly done with the Qiime platform
(www.qiime.org) and included four steps: OTU de novo clustering at
97% similarity with UCLUST (Qiime) (Edgar, 2010), selection of the
most abundant sequence as representative sequence for each OTU
(Qiime), taxonomic assignment of each representative sequence using
BLASTn (Qiime) with 95% of sequence identity threshold and calcula-
tion of relative abundance for each taxa present in the sample (without
minimum abundance threshold value). Any sample with b3000 reads
was excluded from the final dataset. In this case, the MR8 sample was
removed. This pipeline has been designed to optimize the use of se-
quences generated on the rbcL marker and is currently limited to this
DNAmarker; thus, no output data on the 18S-V4markerwas generated.
2.5.4. Pipeline: MetBaN; used in Germany (DE)
The MetBaN pipeline (Proft et al., 2017) uses a phylogeny-based ap-
proach for taxa delimitation by combining phylogenetic and
metabarcoding packages. It is split into three separate scripts
i) downloading the EMBL (EuropeanMolecular Biology Laboratory) ref-
erence database ii) performing in-silico PCR to create a sub-sampled ref-
erence database and iii) the core analysis. The current version of
MetBaN cannot run the taxonomic assignment with an external refer-
ence database and thus was the only pipeline in this study that did
not use the custom diat.barcode reference database. The MetBaN core
script included pre-processing of sequences (demultiplexing, assem-
bling paired-end reads, cleaning, and taxonomic assignment), align-
ment of sequences and also construction of a phylogenetic tree to
check and improve the accuracy of the taxonomic assignment (Fig. 1).
The pre-processing steps were conducted using tools from the OBITools
package. Assembly of paired-end reads was done using the
Illuminapairedend command (with a minimum alignment score of
40) after which the obigrep command removes any unpaired reads.
Demultiplexing was performed using the ngsfilter script and
dereplication with the obiuniq script, after which reads were filtered
to keep only the reads with a length of N150 bp. OTU clustering and
cleaning of potential chimeras and errors was executed using the
obiclean command with a threshold ratio of 0.05 and an allowed differ-
ence between sequences of one bp. Finally, the ecotag command was
used to perform the taxonomic assignment (“Longest Common Subse-
quence” algorithm) based on the EMBL reference database, with a min-
imum identity of 90%. After that, the script created a phylogenetic tree
for each taxonomic ID (“taxid”) of interest in the dataset (e. g., the
taxid of Bacillariophyta is 2836). Sequences were aligned using MAFFT
(Katoh and Standley, 2013) and T-Coffee (Di Tommaso et al., 2011),
and Maximum Likelihood trees were built using RAxML (Stamatakis,
2014) (with 10,000 bootstraps runs). The tree is used tomanually refine
the taxonomic assessment precision, to take into account the phylogeny
in case of taxonomic conflict during the assignment and for sequenceswithout taxonomic assignment. MetBaN can also produce Krona plots
to visualise the distribution of found species.2.5.5. Pipeline: Diagno-syst; used in Sweden (SE)
Diagno-syst (Frigerio et al., 2016) is a French stand-alone program
implementing a supervised clustering algorithm for taxonomic assign-
ment. This pipeline has been designed to use the full capacity of High-
Performance Computing and hence avoids any heuristics classically de-
veloped to avoid memory and time limits in computing. It keeps the
pre-processing of sequences to a minimum, favouring a straight taxo-
nomic assignment algorithm instead. The pipeline is implemented in
two different programs: MPI-disseq (written in C and MPI) and
Diagno-syst (written in Python). It starts with demultiplexed FASTQ
files of single-end reads, with the tag sequences removed. Since MiSeq
data was used in this study, the assembly of paired-end reads was
made using Mothur (Schloss et al., 2009) following the same steps as
the Mothur (“ISUs script”) described above. Pre-processing of the HTS
data was limited to filtering the sequences by their length, to keep
reads between 300 and 315 bp with rbcL marker and between 320
and 340 bp with the 18S-V4 marker. Demultiplexing, primers and tags
removal are performed with Cutadapt (Martin, 2011). The first step of
taxonomic assignment was to calculate all pair-wise distances between
sample sequences (“queries”) and reference database sequences (“ref-
erences”) using the MPI-disseq program in C (parallel implementation
of a Smith-Waterman algorithm with Message Passing Interface MPI).
This was done at the French National Computing Center (IDRIS) on a
Blue Gene Q hyper-parallel machine (1024 cores). Taxonomic assign-
ment was then completed using the Diagno-syst Python program
which listed, for each query, all the reference barcodes that were at a
distance lower than a given barcoding distance (defined in terms of
bp differences). The taxonomic name was assigned to the read only if
all references at the same distance (or lower) had the same name in
the reference database. The pipeline also implemented a sliding
barcoding gap parameter: this aspect provided, in one run, taxonomic
assignments at different bp distances. In this study,we chose a range be-
tween 4 and 10 bp gaps to encompass the 97% identity usually used for
species level identification. Any assignmentwith N10 bpdifferenceswas
not kept for further analysis, which should also exclude any potential
chimera or sequencing errors.2.5.6. Pipeline: SLIM, used in Switzerland (CH)
The SLIM pipeline is a web application (Dufresne et al., 2019) with a
graphic user interface and implements several modules from well-
established software sources. All the cleaning steps in this study were
done using the VSEARCH algorithms (Rognes et al., 2016). First, raw
FASTQ readswere filtered by removing any sequencewith amean qual-
ity score of 30 or higher, with ambiguous bases or any mismatch in the
primer sequences. Then, paired-end reads were assembled using the
PEAR algorithm implemented in PANDAseq (Masella et al., 2012). Chi-
mera detection and removalwas performed using the –uchime_denovo
algorithm andOTU clustering at 97% similaritywas performed using the
–cluster_size algorithmwith default parameters (distance based greedy
clustering). The approach to ecological assessment developed by
Apothéloz-Perret-Gentil et al. (2017) is based on OTU structure and
not on taxonomic assignment; thus, the pipeline does not typically in-
clude that step. However, for this study, the taxonomic assignment
was performed using the assignment function of VSEARCH tool
(–usearch_global), and OTUs sharing the same assignment were then
grouped.
For simplicity, we refer to each bioinformatics pipeline from here on
using an abbreviation with the software's name and the country of the
working group using the pipeline's script in this study (e.g.: the
Diagno-syst pipeline with the script used in Sweden will be referred
to as “Diagnosyst-SE”) (Fig. 1).
6 B. Bailet et al. / Science of the Total Environment 745 (2020) 1409482.6. Common cleaned database
To the best of our knowledge, we used the most comprehensive cu-
rated reference database for diatoms available, diat.barcode, for both
the rbcL and 18S-V4 marker (Rimet et al., 2019). In order to compare
the performances of DNA markers, we chose to keep all the barcodes
for species that were represented in both reference databases. This
choice, while limiting the species detection potential, allowed for objec-
tive interpretation of markers without the bias of using different refer-
ence databases. Our earlier studies had shown that one of the main
causes of different performance of markers was the incompleteness of
reference databases (Bailet et al., 2019). The comparison of two DNA
markers can only be fair if the databases used with each marker and
pipeline are equal, and this is not the case for those currently available.
The final cleaned databases contained 237 species names (509 se-
quences in the rbcL database and 412 sequences in the 18S-V4 data-
base) and is available in the Zenodo repository (https://doi.org/10.
5281/zenodo.3885810).
All the tested pipelines, except MetBaN-DE, performed the taxo-
nomic assignment with this cleaned reference database. The LCS taxo-
nomic assignment (ecotag function) with MetBaN currently runs with
the EMBL reference database only.
2.7. Index calculations and quality classes
IPS values were calculated from all morphological and molecular
taxa lists using the indicator value and sensitivity values from the
OMNIDIA software (version 6.0.6) (Lecointe et al., 1993). We then
used the IPS scores to infer an ecological status class. In order to com-
pare the impact that taxa lists created by different pipelines might
have on estimates of ecological status directly, irrespective of differ-
ences in ecological class boundaries between countries, we used the
Swedish class boundaries for all datasets (Kahlert et al., 2007).
2.8. Data analyses
2.8.1. Comparison of DNA assemblage's structures
To detect any significant differences in the pipelines' outcomes, we
first looked at the diversity of sequence units (OTUs and ISUs) produced
by each pipeline, namely the number of sequence units produced and
the range of reads that were clustered together. We also looked at the
number of singletons and the number of unclassified reads present in
each pipeline's outcome. Then, to assess the differences in sequence
unit structure, we computed the Bray-Curtis distance matrix of each
pipelines' sequence units' output using the vegdist function (vegan
package, version 2.4.2) and ran a Procrustes analysis between each
pair of pipeline outputs using the protest function (vegan package, ver-
sion 2.4.2) in R (version 3.6.0) (R Core Team, 2014).
2.8.2. Comparison of taxonomic assemblages
In order to compare the performance of the different bioinformatics
pipelines at taxonomic assignment, we removed all taxa not included in
our custom reference database from theMetBaN-DEmolecular invento-
ries (run with the EMBL database). We looked at the taxonomic assign-
ment produced by each pipeline in terms of presence/absence and
relative abundance of taxa. The taxa lists obtained by taxonomic assign-
ment ofmolecular datawere also compared to the taxa lists obtained by
light microscopy. We first compared the proportions of the different
genera found in each dataset with an NMDS analysis using the isomds
function (vegan package, version 2.4.2) and with a Multivariate
ANOVA with the adonis function (permutations = 9999, method =
“bray”; vegan package, version 2.4.2). With taxonomic assignment at
the species level (transformed into relative abundances), we generated
Euclidean distance dissimilarity matrices using the function vegdist
(vegan package, version 2.4.2) between each molecular inventory. A
Mantel test allowed us to assess the correlation between matrices. Wealso ran a SIMPER analysis (Clarke, 1993) using the PAST software (ver-
sion 2.15b) (Hammer et al., 2001) and an Indicator Species Analysis
(IndVal) (Dufrene and Legendre, 1997) using PC-ORD (version 6.08)
(McCune and Mefford, 2011) to assess which taxa were driving the ob-
served differences. The SIMPER analysis calculates the contribution of
each taxon (%) to the dissimilarity between two groups of samples
based on a Bray-Curtis dissimilarity matrix. The Indicator Species Anal-
ysis is used to identify which taxa are characteristic of particular groups
of samples. The analysis produces an “indicator value” (IndVal), ranging
from 0 to 100, based on the species' relative abundance in a sample and
its relative frequency of occurrence in the different groups of samples.
The analysis also calculates the statistical significance (at 0.05) of the
IndVal to identify those taxawhose distribution is responsible for differ-
ences between groups of sampleswithin a dataset.We calculated IndVal
for each diatom taxon and considered that taxawith an IndVal of 50 and
higher were strong indicators. Finally, we built a heatmap of the read
numbers of each taxa (75 dominant species only) in all the pipelines
using the ComplexHeatmap package (version 2.2.0) in R. We grouped
taxa according to their phylogeny in order to visualisewhich taxonomic
groups have good or weak resolution in metabarcoding compared to
that found by light microscopy.
2.8.3. Comparison of ecological assessment outcomes
In order to assess the impact on the environmental assessment, we
first looked at the correlations between IPS index scores calculated for
each pipeline, and also to the IPS scores calculated from the lightmicros-
copy data. Then, we compared the ecological status classes (“high”,
“good”, “moderate”, “poor”, “bad”) derived from the IPS scores of the
molecular and microscopy datasets: the five different classes were
transformed into factorial data (i.e. “bad” = 1 and high = “5”) and we
used a Spearman's rank correlation test to compare the datasets (func-
tion CORREL inMicrosoft Office Excel). We also looked at the number of
HTS samples that either overestimated or underestimated ecological
status when compared to classes derived from light microscopy.
2.8.4. Comparison of DNA markers
Finally, in order to assess the influence of the chosen DNA marker
(rbcL and 18S-V4) on the performance of the pipeline, we examined
the number of taxa shared by the different datasets. We also compared
the r-squared values between IPS scores computed frommetabarcoding
and microscopy data.
3. Results
After sequencing, 7,386,592 DNA sequences were obtained from the
rbcL marker and 6,279,138 DNA sequences from the 18S-V4 marker.
Both runs were of good quality and could be used for further bioinfor-
matics analysis. 284 taxa nameswere identified fromHTS across all mo-
lecular datasets. 7173 valves were counted using light microscopy and
320 taxa were identified from the 29 biofilm samples. In order to
make a fair comparison between microscopy and molecular datasets,
only taxa represented in the reference database were kept and the
final microscopy taxonomy included 53 taxa (14 of which were not
identified using themolecularmethods evenwith barcodes in the refer-
ence database). The taxa assemblages of the partial and full microscopy
datasets remained similar to one another in terms of biotic index calcu-
lations (Supplementary S2).
3.1. Assemblages structure of the DNA datasets
Thenumber of sequence units in themolecular datasets ranged from
159 to 542,871 in the rbcL datasets and from 94 to 24,707 in the 18S-V4
datasets. The lowest number of sequence units was produced with the
Mothur-HR pipeline, while the Qiime-UK pipeline produced the highest
number.
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Table 1
Summary of the output from the 6 bioinformatics pipelines in terms of DNA reads per sample (after filtering), number of OTUs or ISUs across the dataset and number of unassigned reads.
The unassigned reads are all the sequences that could not be identified at genus level or below. The Diagnosyst-SE pipeline does not perform clustering and does not give information on
DNA reads per sample or unassigned reads number. The Qiime-UK pipeline was run with the rbcL dataset only.
rbcL 18S-V4
Reads per sample Total of OTUs/ISUs Unassigned reads Reads per sample Total of OTUs/ISUs Unassigned reads
Mothur-FR 5727–343,850 13,321 953,823 2500–290,965 24,707 569,599
Mothur-HR 651–67,548 159 82,964 2–60,878 94 17,944
MetBaN-DE 5680–364,869 13,703 648,318 5931–281,368 20,716 550,719
Qiime-UK 2794–231,394 542,871 1,436,057 NA NA NA
SLIM-CH 6142–478,302 11,345 1,203,521 8156–394,475 18,422 1,194,151
Diagnosyst-SE NA NA NA NA NA NA
8 B. Bailet et al. / Science of the Total Environment 745 (2020) 140948A Procrustes analysis on themolecular datasets showed that for rbcL,
the sequence unit assemblages of the Mothur-FR pipeline, the Mothur-
HR pipeline and the MetBaN-DE pipeline were well correlatedwith one
another (correlation coefficients of 0.77, 0.85, 0.82 respectively,
p b 0.05), but were not correlated with the SLIM-CH pipeline or the
Qiime-UK pipeline's assemblages (0.40 and 0.20 respectively when
compared with the Mothur-FR pipeline, 0.35 and 0.16 respectively
when comparedwith theMothur-HRpipeline and 0.34 and 0.17 respec-
tively when compared with the MetBaN-DE pipeline). The sequence
unit assemblages from the Qiime-UK pipeline and the SLIM-CH pipeline
were also not correlated to one another (correlation coefficient 0.21).
When using the 18S-V4marker, a similar pattern appeared with the as-
semblages from the Mothur-FR, Mothur-HR and MetBaN-DE pipelines
significantly correlated with each other (correlation coefficient 0.60,
0.79 and 0.74 respectively) but not to the assemblages produced by
the SLIM-CH pipeline (correlation coefficient 0.35, 0.18 and 0.35
respectively).
3.2. Comparison of taxonomic inventories
3.2.1. Taxonomic assignments at genus level
The proportions of the dominant genera identified were quite simi-
lar among the pipelines (Fig. 2) when using rbcL. However, when using
the 18S-V4 marker, MetBaN-DE and Mothur-FR pipelines found a few
dominant genera not detected by any other pipelines (Cocconeis sp.,
Discotella sp. and Encyonema sp.). The proportion of the dominant gen-
era identified by the bioinformatics pipelines was always significantly
different from the proportions of dominant genera found bymicroscopy
(Multivariate ANOVA p-value b0.05, Supplementary S4). These differ-
ences were mainly driven by the proportions of the genera
Achnanthidium and Navicula.
3.2.2. Taxonomic assignments at the species level
The different bioinformatics pipelines identified different numbers
of species. The Mothur-HR pipeline identified fewer species than any
other pipeline using both DNA markers (84 species when using the
rbcL marker and 66 species when using the 18S-V4 marker). The
Qiime-UK pipeline identified the highest number of species for rbcL
(174 species) and the Diagnosyst-SE pipeline identified the highestTable 2
Correlation coefficients of Mantel tests between taxa lists obtained by the bioinformatics pipel
indicated in bold.
Mothur-FR Mothur-HR MetBaN-DE
18S-V4 marker Mothur-FR 0.11 0.05
Mothur-HR 0.08 0.59
MetBaN-DE 0.17 0.14
SLIM-CH 0.28 0.04 0.01
Diagnosyst-SE 0.01 0.02 0.01
Qiime-UK
Microscopy 0.18 0.19 0.15number of species for 18S-V4 (144 species). Details about the number
of species found by each pipeline can be found in the Supplementary
S3 (Venn Diagrams).
The proportion of unassigned sequences varied among the bioinfor-
matics pipelines. The lowest amount of unassigned sequences was al-
ways obtained with the Mothur-HR pipeline and the highest number
with the Qiime-UK pipeline, closely followed by the SLIM-CH pipeline
(Table 1). It is not always possible to distinguish between sequences
“identified as diatoms (Bacillariophyta) but above genus level” (e. g.
identified at family, class, order etc.) and sequences “not identified as di-
atoms (Bacillariophyta)” (e. g. green algae). Some pipelines (e.g.
Mothur), give the taxonomic assignment to the lowest possible level.
As an example, we looked into the taxonomic diversity of unclassified
reads provided by the Mothur-HR pipeline output (Supplementary
S5). With the 18S-V4 marker, the majority of unassigned reads
belonged to the Naviculales order. However, with the rbcL marker, sim-
ilar proportions of unassigned reads belonged to the Naviculales and
Cymbellales orders as well as to the families Fragilariaceae and
Achnanthidiaceae (Supplementary S5).
A Mantel test on the diatom species' assemblages showed that they
varied significantly according to the bioinformatics pipeline used
(Table 2). The most similar taxonomic assemblages were observed be-
tween the SLIM-CH pipeline and the Mothur-FR pipeline when using
the 18S-V4 marker. The correlation was weak but significant (Table 2,
r=0.28). When using rbcL, the highest correlation was found between
the MetBaN-DE species assemblage and the Mothur-HR species assem-
blage (Table 2, r= 0.59). The species assemblages obtained by the mo-
lecular methods were also always significantly different from the
microscopy species assemblage (Table 2). The highest correlation was
obtained for the Diagnosyst-SE pipeline with rbcL (r = 0.53). The
highest correlation when using 18S-V4 was obtained with the SLIM-
CH pipeline; however, the correlation coefficient was weak (Table 2,
r = 0.24). The SIMPER analysis on the species data showed that the
three most frequently (relative abundance of the whole inventory)
found species (cf. Table 3: NTPT, APED and ADMI) contributed to N20%
of the overall Bray-Curtis dissimilarity between all groups, i.e. all molec-
ular inventories for both markers (rbcL and 18S-V4). Together with six
additional species (NRAD, GPAR, FCRS, NCTE, DITE, ELSE, FSBC, PGIB),
they accounted for half of the observed dissimilarity between pipelines.ines and with the taxa lists obtained with microscopy. Statistical significance (p b 0.05) is
SLIM-CH Diagnosyst-SE Qiime-UK Microscopy
0.06 0.35 0.02 0.41 rbcL marker
0.11 0.14 0.03 0.42
0.15 0.00 −0.02 0.16
0.04 0.01 0.18
0.02 0.03 0.53
0.09
0.24 0.17
Table 3
The ten diatom species contributing tomore than half of the observed dissimilarity between the taxonomic assemblages according to the SIMPER analysis. The individual contribution and
cumulative contribution are given. Species indicated by a star were detected by all six bioinformatics pipelines.
Species Omnidia code Contribution to dissimilarities (%) Cumulative contribution to dissimilarities (%)
Navicula tripunctata NTPT 9.338 9.338
* Amphora pediculus * APED 7.587 16.92
* Achnanthidium minutissimum * ADMI 7.33 24.25
* Navicula radiosa * NRAD 5.803 30.06
* Frustulia crassinervia * FCRS 5.091 35.15
* Gomphonema parvulum * GPAR 4.877 40.03
* Navicula cryptotenella * NCTE 3.813 43.84
* Diatoma tenuis * DITE 3.026 46.87
* Encyonema silesiacum * ESLE 2.568 49.43
Pinnularia gibba PGIB 2.523 51.96
9B. Bailet et al. / Science of the Total Environment 745 (2020) 140948Species found in high read abundances were most important in driving
the Bray-Curtis differences (Table 3). Out of these 10 species, 8 were
found in the outputs from all the pipelines, highlighting relative abun-
dance discrepancies as the origin of observed differences. However,
two species (NTPT and PGIB) were not identified by all the pipelines,
and in their case, presence/absence discrepancies combined with rela-
tive abundance discrepancies lie behind the observed differences.
The IndVal analysis showed that species other than the ones
highlighted in the SIMPER analysis were characteristic of the different
pipelines and marker datasets. In general, molecular inventories pro-
duced with rbcL had more species with significant indicator values
(IV N 50), showing the distinctiveness of the assemblages produced by
different pipelines, compared with those produced using 18S-V4
(Fig. 3). The species list produced using the Qiime-UK pipeline had the
highest number of “strong indicator taxa” (Fig. 3). The species list pro-
duced from the Diagnosyst-SE pipeline had the most distinct assem-
blage when using 18S-V4 and the second most distinct when using
rbcL. Species inventories from theMothur-HR andMetBaN-DE pipelines
did not include any “strong indicator taxa”.
To illustrate differences in taxon annotation among pipelines, we se-
lected two genera, Fragilaria and Eunotia, and show the distribution of0
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Fig. 3.Number of specieswith high indicator values in the differentmolecular inventories. No “h
markers, and by the SLIM-CH pipeline on the 18S-V4 marker.the different species names and number of reads allocated to them.
The number of reads allocated to the different species names differed
considerably among pipelines (Fig. 4a and b). Some species were not
detected at all in some cases. For example, E. implicata was detected in
much higher proportion with the 18S-V4 marker. The reverse situation
occurs for E. glacialis and E. pectinalis, which were detected in much
higher proportions with rbcL. The Diagnosyt-SE and Mothur-FR pipe-
lines also detected higher proportions of Eunotia species than any
other pipelines.
3.3. Comparison of IPS scores
The IPS scores obtained from the morphological and the different
molecular taxonomic assemblages were compared using Spearman's
correlation analyses. When using 18S-V4, the IPS scores were mostly
well correlated (Table 4, Rho N0.5) apart from the Mothur-FR dataset
which was only well correlated with the MetBaN-DE dataset (Rho =
0.7). The correlation between IPS scores computed using MetBaN-DE
and SLIM-CH was also weak and non-significant (Rho = 0.36). The IPS
scores calculated on morphological assemblages were also not signifi-
cantly correlated with the molecular IPS scores (Table 4, Rho b0.5).hur−HR Qiime−UK SLIM−CH
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18S
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Fig. 4. a. Read numbers annotated to reference database species names for the genus Fragilaria, per DNA marker and bioinformatics pipelines. b. Read numbers annotated to reference
database species names for the genus Eunotia, per DNA marker and bioinformatics pipelines.
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Table 4
Result of the Spearman (Rho) correlation test comparing the molecular IPS scores to one another and to IPS scores obtained by microscopy. Statistical significance at 0.02 is indicated in
bold.
Mothur-FR Mothur-HR MetBaN-DE SLIM-CH Diagnosyst-SE Qiime-UK Microscopy
18S-V4 marker Mothur-FR 0.89 0.84 0.63 0.92 0.95 0.66 rbcL marker
Mothur-HR 0.40 0.87 0.73 0.91 0.88 0.65
MetBaN-DE 0.70 0.63 0.66 0.88 0.88 0.65
SLIM-CH 0.09 0.55 0.36 0.72 0.69 0.58
Diagnosyst-SE 0.34 0.73 0.59 0.81 0.98 0.63
Qiime-UK 0.63
Microscopy 0.39 0.21 0.39 −0.09 0.20
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Fig. 5. Spearman's correlation coefficient (Rho) between ecological status classes obtainedwith themolecularmethods andwith themicroscopymethod. Statistical significance (p=0.05)
is indicated by black stars.
Table 5
Percentage of exact agreements, overestimates andunderestimates of the ecological status
classes, when compared to assessmentsmadewithmicroscopy. The highest percentage of
exact assessment is indicated in bold. The ecological assessment is separated into five dis-
tinct classes from “high status” (highest) to “bad status” (lowest). In the case of overesti-
mates, the difference ranged from 1 class to 2 classes higher. In the case of underestimates,
the difference ranged from 1 class to 4 classes lower.
Overestimates Underestimates Exact
rbcL marker Mothur-FR 14 36 50
Mothur-HR 0 36 64
Diagnosyst-SE 18 39 43
MetBaN-DE 11 50 39
SLIM-CH 29 32 39
Qiime-UK 19 48 33
18S-V4 marker Mothur-FR 39 11 50
Mothur-HR 25 39 36
Diagnosyst-SE 25 39 36
MetBaN-DE 22 39 39
SLIM-CH 46 32 22
11B. Bailet et al. / Science of the Total Environment 745 (2020) 140948When using the rbcL marker, all the IPS scores calculated on the molec-
ular assemblages were significantly correlated with one another and to
the IPS scores computed on themorphology dataset (Table 4, Rho N0.5).
The highest correlation with the microscopy IPS scores was obtained
with the Mothur-FR pipeline on the rbcL marker dataset (Table 4, R =
0.66) and the lowest correlation was found with SLIM-CH pipeline
when using the 18S-V4 marker dataset (Fig. 4, R = −0.09).
3.4. Comparison of ecological status assessment produced by different
pipelines
The ecological status classes derived from the ecological index scores
differed significantly depending on whether they were generated from
molecular or morphological data. Overall, the correlation betweenmor-
phological and molecular assessments was higher when the rbcL
marker was used than when using the 18S-V4 marker. With the rbcL
marker, the bioinformatics pipeline Mothur-HR gave the ecological sta-
tus classes closest to themicroscopy dataset (Fig. 5, R=0.50), followed
by the Mothur-FR pipeline (Fig. 5, R = 0.22).
The highest proportion of exact agreements with assessments based
on microscopy when using the rbcL marker was obtained with the
Mothur-HR pipeline (Table 5, 64%), closely followed by the Mothur-FR
pipeline (Table 5, 50%). When using 18S-V4, the highest proportion of
exact estimations and the lowest proportion of underestimations was
obtained with the Mothur-FR pipeline (Table 5, respectively 50% and
11%). With both DNA markers, underestimation of ecological statuswasmore frequent than overestimation (Table 5). TheMothur-HRpipe-
line usedwith the rbcLmarker was the only case that avoided any over-
estimates (Table 5). The highest proportion of underestimates was
found when using the MetBaN-DE pipeline for the rbcL datasets
(Table 5, 50%) and when using the Mothur-HR, Diagnosyst-SE and
MetBaN-DE pipelines for 18S-V4 datasets (Table 5, 39%).
12 B. Bailet et al. / Science of the Total Environment 745 (2020) 1409484. Discussion
The present study kept all variables (samples, DNA extraction, se-
quencing, reference database, and biotic index) constant except for
the bioinformatics pipeline. It aimed to compare the effects of different
bioinformatics pipelines, and the implications for ecological assessment,
but not to evaluate their effectiveness at characterising the taxonomic
composition of the full diatom assemblages found at each study site,
nor to reflect the ecological status of those sites. We included the com-
parison of molecular and microscopical identification of taxa, because
the latter is the approach used at present for Water Framework Direc-
tive assessments, andwewanted to illustrate the consequences that dif-
ferences in pipeline and marker performance can have in ecological
assessment. However, it is important to remember that morphological
analysis includes its own biases and does not necessarily reflect the en-
tire taxa assemblages.4.1. Major possible sources of discrepancies between the bioinformatics
pipelines
One of the main results from our study is that the existing pipelines
differ in several aspects, each potentially impacting the outcome. Below,
we discuss the potential impact of different bioinformatics parameters.
However, for a full understanding, further studies are needed. All the
pipelines compared in this study included steps of sequence filtering
and chimera removal, which have been shown to be necessary for accu-
rate ecological assessmentwithmolecular data generated from diatoms
(Rivera et al., 2020). Across the 6 tested pipelines, a great variety of pa-
rameters were used in these two steps.
For sequence filtering, some pipelines used the sequence's quality
scores: Mothur-FR used the “phred score”, MetBaN-DE used the “align-
ment score” and Qiime-UK and SLIM-CH used the “mean quality score”.
Most pipelines also applied some type of length filter, in very different
size ranges. For example, when using the rbcL marker, sequences
retained needed to be longer than 150 bp for the MetBaN-DE pipeline,
shorter than 250 bp for the Qiime pipeline, between 253 and 273 bp
for the Mothur-FR pipeline and up to 300-315 bp for the Diagnosyst-
SE pipeline. OnlyMothur-FR and Diagnosyst-SE adapted their length fil-
tering according to the DNAmarker used. The Mothur-FR and Mothur-
HR pipelines also filtered the sequences according to the length of the
overlapping region between the forward and reverse fragment
(100 bp for Mothur-FR and 172 bp for Mothur-HR) and the SLIM-CH
pipeline did not include any length filtering. Mothur-FR and SLIM-CH
also took into account the presence of ambiguous bases. Other parame-
ters included the number of homopolymers (Mothur-FR) andmismatch
in the primer sequences (SLIM-CH). Mothur-HR also removed any se-
quences that did not align perfectly. In terms of sequence filtering,
Mothur-FR had the most complex script (five parameters) and
Diagnosyst-SE had the simplest one (length filtering only). This means
that even at this early stage, all pipelines had removed different se-
quences and were thus subsequently working on different datasets.
Removal of sequencing errors and chimeras is also a crucial step be-
cause these artificial sequences can have an impact on the DNAdatasets
(clusters made of DNA sequence artefacts), on the species assemblages
(false positive in taxonomic assignment), and thus, on subsequent eco-
logical assessment (calculation of index scores). The detection of chi-
mera sequences was performed using different tools, such as
VSEARCH (Mothur-FR and SLIM-CH), UCHIME (Mothur-HR) and
OBITools (MetBaN-DE). No chimera detection was performed in the
Qiime-UK and Diagnosyst-SE pipelines. For both pipelines, chimera de-
tection was deemed unnecessary: the chimeric sequences are excluded
by the strict taxonomic alignment algorithm in the Diagnosyst-SE pipe-
line, and by the Trophic Diatom Index calculations in the original Qiime-
UK pipeline. However, in this study we used the IPS biotic index and
thus the potential presence of chimera sequences in the Qiime-UKdataset might have had an impact both on the content of the datasets
and on subsequent ecological assessment.
Further variations, for example in terms of clustering choices, algo-
rithms and thresholds for taxonomic assignment, also probably contrib-
uted to the observed differences in the performance of pipelines. Across
the six pipelines tested, three had a clustering step, all using a different
algorithm: MetBaN-DE used OBITools at a 99% similarity threshold,
Qiime-UK used UCLUST at a 97% similarity threshold and SLIM-CH
used VSEARCH at a 97% similarity threshold. The three other pipelines
did not include a clustering step: both Mothur scripts used Individual
Sequence Units (ISUs), and Diagnosyst-SE used every single query
read in the dataset. Creating clusters in the DNA structure of a dataset
usually aims at lowering computation time, but at the expense of taxo-
nomic assignment precision.
For the taxonomic assignment, both Mothur scripts used the Wang
method but at different confidence scores (60% for Mothur-FR and
85% for Mothur-HR). However, Mothur-HR searched in the reference
database for identical sequences during the alignment and hence
dismissed query sequences of genotypes unknown to the reference da-
tabase. This pipeline did not assign a name unless the exact match
existed in the reference barcodes, and as a result will always give a
lower number of taxa. The Qiime-UK pipeline used BLASTn (95% simi-
larity threshold) and MetBaN used LCS (90% similarity threshold). The
SLIM-CH pipeline used VSEARCH and Diagnosyst-SE pipeline has its
own supervised clustering algorithm (97% similarity). In addition to
the chosen similarity threshold, the parameters chosen for handling
taxonomic conflicts can also lead to different final taxonomic
assignments.
4.2. Assemblage structure of DNA datasets
We observed OTU clustering scripts producing asmany ormore tax-
onomic units in the dataset than ISU scripts. The Mothur-HR had the
lowest diversity in terms of DNA assemblages. This pipeline did not per-
form a clustering step and should have produced a greater number of
taxonomic units (in this case ISUs) than other pipelines which are
using clustering (and thus producing OTUs). However, the very strict
alignment filter resulted in low numbers of ISUs in the final dataset
used for taxonomic assignment. Some pipelines also removed single-
tons (i.e. OTUs represented by only one sequence) but others kept
them in their datasets. The latter is the case for the Qiime-UK pipeline
(which also did not remove potential chimera sequences), possibly pro-
ducingby far the greatest amount of observedOTUs. The taxonomic unit
assemblages from the Qiime-UK and SLIM-CH pipelines were the most
different from all the others, and were both created by clustering at a
97% similarity threshold.
Despite the difference in the number of taxonomic units created, the
two Mothur scripts produced a similar structure of DNA assemblages,
which may be due to the similarity of their scripts: they both produce
ISUs, and use the same tools for cleaning and filtering, albeit with differ-
ent parameters. The OTUs assemblage of the MetBaN-DE pipeline was
also similar to the two ISUs datasets, which can be explained by the
high clustering similarity threshold used (99%). A recent study showed
that when using the same algorithm (furthest neighbour), a clustering
similarity threshold ranging from95% to 99% should not generate signif-
icant differences in the dataset (Tapolczai et al., 2019b). However, the
results of Tapolczai et al. (2019b) study cannot be extrapolated to
other clustering approaches, and the differences observed in this study
seem to originate both from the choice of the clustering algorithm,
and from the similarity threshold used.
4.3. Comparison of taxa lists
In this study, 29 samples were pooled together in a single sequenc-
ing run (one library for each marker), meaning that we have a good se-
quencing depth and should be able to detect even taxa with low
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those with a low biovolume). Nevertheless, in this study, the use of a
very restricted reference database strongly limited the taxonomic reso-
lution that could be achieved. In order to compare the datasets fairly,we
also filtered the light microscopy inventories to keep only taxa that
were included in our custom reference database. The results, thus, do
not reflect the best performances of either the metabarcoding or mi-
croscopy approaches in terms of taxonomic resolution.
The microscopy dataset included 53 taxa once it was filtered. Some
pipelines were able to detect most of these 53 taxa; Diagnosyst-SE, for
example, detected 47 of them with the 18S-V4 marker and 50 with
the rbcLmarker, while Qiime-UKdetected 51with rbcL (Supplementary
S3). Even with its strict alignment that dismisses sequences of geno-
types unknown to the reference database, Mothur-HR still detected 40
of these taxa with the rbcL marker, and 29 with the 18S-V4. Despite
using a larger reference database,MetBaN-DE detected the lowest num-
ber of taxa recorded by microscopy: 32 when using rbcL and 22 when
using 18S-V4. This can probably be explained by the intense curation ef-
fort, including the adjustment of several species names, which had im-
proved the diat.barcode reference database, the basis for the custom
reference database used in this study (Rimet et al., 2019).
All of the pipelines were able to detect the same dominant genera,
mostly in similar proportions. However, there were considerable differ-
ences in the assignments at species level, and in terms of equivalent
quantification of relative abundances compared to microscopy. These
limitations of metabarcoding have been highlighted before, and differ-
ent solutions have been tested, e. g. developing taxonomy-free indices
(Apothéloz-Perret-Gentil et al., 2017) or correcting the quantification
with a biovolume factor (Vasselon et al., 2018). This biovolume correc-
tion factor for diatoms has been developed for rbcL marker (for which
the copynumberwill dependon the size of the chloroplast and thus cor-
relate to cell biovolume), but it is currently only available for a few spe-
cies and ultimately adjust the data back to preconceptions derived from
microscopy analyses. In our results, similar patterns appear with the
18S-V4 marker as well (e.g. higher proportions of Achnanthidium sp. -
mainly A. minutissimum - detected with the microscopy) even though
the DNA fragment is located in the nucleus. These quantification dis-
crepancies, correlated to cell length and biovolume when using the
18S-V4 marker, have been observed before (Godhe et al., 2008; Mora
et al., 2019). A few genera were also detected by only one of the
markers, indicating that the discriminating power of the two DNA
markers varies between taxa since each marker's reference database
contained exactly the same species lists.
At the species level, the Mothur-HR pipeline detected fewer taxa
than any other, possibly due to its strict alignment parameter and the
low number of ISUs kept in its dataset. In contrast, the Qiime-UK pipe-
line detected the highest number of taxa overall (75% of which were
not included in the microscopy taxa list), probably due to a more re-
laxed filtering (quality and lengthfiltering only, no removal of singleton
or chimeras). The Diagnosyst-SE pipeline detected a large number of
taxa as well, despite its very strict taxonomic assignment, also due to a
relaxed filtering (only on sequence lengths) that allows it to use almost
all the reads in the dataset. On the other hand, the computation power
required for this pipeline is much higher than for any of the others.
The hardest part of any bioinformatics treatment is to find a balance be-
tween data loss and computation time. According to Rivera et al. (2020),
working with ISUs instead of OTUs both reduces computation time and
improves performance in the calculation of an index for ecological
assessment.
The number of unassigned sequenceswas lowest for theMothur-HR
pipeline, because this pipeline discarded themost reads prior to the tax-
onomic assignment (strict alignment filtering). By contrast, the SLIM-
CH pipeline has the most unassigned reads because it is not optimised
for taxonomic assignment (the SLIM-CH pipeline was developed for a
taxonomy-free approach) and the assignment performed for this
study was done with little optimisation.Another parameter impacting the number of unassigned reads is the
treatment of conflicts in taxonomic assignment (i.e. when a sequence
can be matched to several reference barcodes with the same level of
similarity): some pipelines, like Diagnosyst-SE will discard such reads
altogether, while Mothur-FR and Mothur-HR will provide the assign-
ment at the lowest taxonomic level possible. However, if a pipeline is
designed to give the first match it encounters, without accounting for
conflicts, the pipeline will be able to provide more species-level identi-
fication but with less precision. An advantage of theMothur software is
that it gives information about the lowest taxonomic level it could reach
before stopping the assignment, which is useful for detecting shortcom-
ings in the reference database (e. g. missing barcodes in a genus, con-
flicts between two barcodes). A similar feature is provided in the
MetBaN-DE pipeline, which can produce a phylogenetic tree with the
unclassified sequences placed among the reference barcodes (and infor-
mation on the closest species assignments from the sequence place-
ments in the trees). Data lost in bioinformatics analysis significantly
affects the quality of the ecological assessment and could be improved
by using phylogenetic information in this way (Keck et al., 2018).
Qiime-UK and Diagnosyst-SE on the other hand, do not provide any in-
sight into the unassigned reads.
Even with high proportions of unassigned reads, the molecular
methods are able to detect many taxa missed by microscopy (Supple-
mentary S3). Because they found the highest number of taxa overall,
Qiime-UK and Diagnosyst-SE also had the highest number of taxa de-
tected only by the molecular method (124 and 111 taxa respectively
with the rbcL, and 97 taxa for Diagnosyst-SE with the 18S-V4).
Mothur-HR detected the lowest number of taxa and, consequently the
lowest number of taxa detected exclusively by the molecular method
(37 with the 18S-V4 marker and 45 with the rbcL marker). There are
many reasons why a taxon could be missed by microscopy, e.g. being
rare, having a small valve, or a fragile valve that could have been
destroyed in the preparation process (Zgrundo et al., 2013). Some taxa
are also difficult to identify using light microscopy alone, and can easily
bemisidentified (e. g. small, cryptic or semi-cryptic species:Mann et al.,
2010, Kahlert et al., 2019). Of course, metabarcodingwill also miss taxa,
for example because of a very low amount of DNA, degradation during
storage, or damage during DNA extraction, template competition and
stochasticity during PCR, loss of amplicons during purification with
the magnetic beads, and bias in sequencing (Bálint et al., 2016;
Alberdi et al., 2018).
The molecular taxa assemblages closest to the one produced by mi-
croscopy were generated by the Diagnosyst-SE and the Mothur pipe-
lines (both the Mothur-FR and Mothur-HR scripts). These three
pipelines all handled HTS data in a similar way: none included cluster-
ing or gave a taxa name in case of conflict. The strict filtering steps of
both Mothur scripts are probably having the same effect as the strict
taxonomic assignment in Diagnosyst-SE. The similarity of taxa assem-
blages is also highlighted by the heatmap (Supplementary S6). For ex-
ample, the Mothur-FR and Diagnosyst-SE pipelines, which are closest
to one another on the heatmap (Euclidean distances), often detect the
same taxa and in the same proportions. Taxa assemblages produced
by Mothur and Diagnosyst scripts have been compared before, and
they were well correlated despite a few important discrepancies
(Frigerio et al., 2016). The SIMPER analysis also highlighted the taxa
which accounted for most of the dissimilarity when comparing taxa as-
semblages between pipelines and markers. It was not surprising to find
Achnanthidium minutissimum and Navicula tripunctata among those ac-
counting for N20% of the dataset's dissimilarities: both species are fre-
quently found in Fennoscandia environmental samples, and both have
been shown to cause quantification bias before (Vasselon et al., 2018).
However, it is possible that the percentage of dissimilarities explained
by these two species reflects both the actual biological differences and
a stochastic effect (combined effect of frequency across the samples
and high abundance). In general, abundant taxa drove differences in
the assemblages. For example, Eunotia species are abundant and
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resented in barcode reference libraries, reducing opportunities for accu-
rate identification below genus level.
The heatmap also highlights an interesting gap in the detection of
species: the Mothur-FR pipeline did not detect any species of
Fragilariophyceae (see Supplementary S6 for details), with either the
rbcL or 18S-V4 markers. This group was, on the other hand, detected
without problem by the Diagnosyst-SE and Qiime-UK pipelines, but
was relatively scarce using MetBaN-DE or Mothur-HR pipelines. In
order to understand what could have caused such a difference in detec-
tion of the Fragilariophyceae, we looked into the details of the Mothur-
FR script parameters and discovered a syntax inconsistency in the get.
lineage command (the “-” was not used to select the Fragilariophyceae
group, although itwas applied to all other diatom groups).MostMothur
software versions are not sensitive to this inconsistency (e.g. version
1.41.3), however it appeared that the version of Mothur software used
in this manuscript (1.43.0) was sensitive. After correcting the syntax
in the command, all Fragilariophyceae taxa were detected when using
the script, with all other parameters unchanged, leading to results
more consistent with those of the Diagnosyst-SE pipeline, on both
markers (Supplementary S7).
In this study, we have already shown that different bioinformatics
pipelines do generate different results, leading to different interpreta-
tions. The error detected in the Mothur-FR script however reminds us
that a bioinformatics pipeline is also sensitive to software evolution.
This is an important factor to consider when using bioinformatics pipe-
lines and highlights the need for quality control measures when
assessing the reliability of a pipeline output (e.g. by including a known
mock sample as positive control into the dataset to check taxa detec-
tion). Such controls are especially important to enable the use of
metabarcoding in routine assessment, as suggested by Elbrecht and
Steinke (2019) and Zafeiropoulos et al. (2020). Bioinformatics tools
and software are in constant development, and users cannot trust
their outputs blindly when the exact same script can work differently,
depending on the software version. This could limit the reproducibility
of metabarcoding methods and control standards need to be imple-
mented for future development and routine analysis.
4.4. Comparison of ecological assessments
Decisions made in pipeline design have implications for taxa assem-
blages, which in turn have implications for biotic indices and, ulti-
mately, for ecological assessment.
When using the rbcLmarker, the derived IPS scores calculated on our
molecular datasetswerewell correlated, not only between pipelines but
also when compared to the IPS scores derived from light microscopy.
The Mothur-HR pipeline produced the IPS scores second-closest to
those produced by microscopy, despite having the lowest number of
taxa detected. This shows that the detection of the dominant taxa is suf-
ficient to compute an adequate IPS score, and that the index is robust
enough to be used with HTS data. When looking back at the relative
abundance of genera detected by each pipeline, theMothur-HR pipeline
calculated relative abundances of Achnanthidium that were slightly
closer to the relative abundances detected by microscopy. Since the
SIMPER analysis identified Achanthidium minutissimum as one of the
species which accounted for most of the dissimilarity between the mo-
lecular datasets, these slight differences in relative abundances could
explain in part why the ecological status class produced using this pipe-
line showed a higher correlation to those of the microscopy approach.
The patterns observed with the index scores were reflected in the
derived ecological status classes: the correlation to the microscopy re-
sults was overall higher when using rbcL. Mothur-HR provided the
highest number of assessments matching the results derived from mi-
croscopy, and no overestimations compared to microscopy. All pipe-
lines underestimated ecological status classes compared to
microscopy. The least underestimation of ecological statuswas obtainedwhen using theMothur-FR pipelinewith 18S-V4; however, the correla-
tion of these results to themicroscopy-based ecological assessmentwas
weak and non-significant. The highest number of underestimations of
ecological status occurred when using the MetBaN-DE pipeline with
the rbcL marker. Incidentally, the proportions of Achnanthidium species
were strongly underestimated when using this pipeline with the rbcL
marker (Fig. 2) and the SIMPER analysis showed that Achnanthidium
minutissimum had a relevant impact on the assemblages' discrepancies
(Table 3) and, in turn, on the IPS scores. This discrepancy in
Achnanthidium proportions could explain, in part, the ecological assess-
ment underestimates when using the MetBaN-DE pipeline. Conversely,
Navicula species were overrepresented when using the 18S-V4 marker
(Fig. 2) and the SIMPER analysis highlighted threeNavicula species, typ-
ically representative of relatively good ecological quality, which most
likely impacted the IPS scores (Table 3). This could explain the higher
rate of overestimation of ecological assessment when using the 18S-
V4 marker compared to the rbcL marker.
Wenowneed to disentangle a complex array of differences in taxa ab-
sence, presence or abundance between pipelines, and then understand
the effect of those differences on index scores and, in turn, on ecological
status classes. For example, while the three pipelines showing the closest
correlations (with the rbcL marker) between their IPS scores and those
produced by microscopy were Mothur-FR, Mothur-HR and MetBaN-DE,
only the first two also had a relatively high correlation with the taxa list
from microscopical analysis. Rather, it was the Diagnosyst-SE pipeline
which produced the taxa assemblages with the highest correlation to
those obtained from microscopy, but the IPS scores were not well corre-
lated. On the other hand, the good correlation of IPS scores was not
reflected by a good correlation of taxa detection in the MetBaN-DE pipe-
line. This means that a good taxa detection was not a prerequisite to
achieve IPS values comparable to those obtained frommicroscopical anal-
ysis. The reason is probably a combination of factors, different for each
pipeline: The result of the IPS calculation is dependent on both taxa pres-
ence, but also on the abundance of taxa, and on their IPS sensitivity values.
However, the differences between the pipelines are mixing those factors
inmany combinations, and disentanglement of these, alongwith analysis
of their importance will need further study. As an example, abundance
differences were shown to be important, but the three pipelines with
the closest correlation to the microscopical values had quite different
abundances of the most dominant taxa, some of them with higher IPS
sensitivity value than others. One plausible explanation of generally
underestimated IPS scores across all pipelines, and in turn, ecological sta-
tus classes, is the general underrepresentation of A. minutissimum across
all pipelines and both markers, when compared to microscopy. This
taxon was often dominant in microscopical analyses and has the highest
IPS sensitivity value. It can therefore only be replaced in relative abun-
dance by taxawith similar or lower IPS value, in turn leading to an overall
underestimation of IPS scores. However, the pipelines and markers dif-
fered in which taxa were replacing A. minutissimum in relative abun-
dances, and while both abundance and taxa detection differences were
important, there was, however, no unifying pattern across all samples
and pipelines. A detailed analysis of which taxa exactly were over/under-
represented in the different pipelines and thus contributed to a higher or
lower IPS score of output dataset would raise the complexity of this com-
parison to a level that would be hard to evaluate (especially considering
the high variation of sizes/biovolumes of the different taxa). A first at-
tempt has been performed by Pérez-Burillo et al. (2020) for the Mothur
pipeline, where, again, A. minutissimumwas found as one of themost im-
portant taxa impacting the IPS scores.
It is important to point out that because our custom reference data-
base limits the diversity of taxa that could be detected by the
metabarcoding approach and because we filtered the microscopy in-
ventories tomatch it, derived IPS scores and ecological quality status ob-
tained in this study are not an accurate reflection of real environmental
conditions, but rather of the performance of one method compared to
another.
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another index: The TDI for the Qiime-UK pipeline and the DICH index
for the SLIM-CH pipelines. The latter was developed based onmolecular
data only, and is not dependent on taxonomic assignment. This ap-
proach, however, needs to be tested and calibrated on a wider training
dataset to enable its application to different ecoregions (Apothéloz-
Perret-Gentil et al., 2017) andmay not be consistentwith currentword-
ing of the WFD. Overall, the potential of indices not based on relative
abundances of taxa but on other metrics adapted to HTS data should
be investigated in the future. For example, with the development of
new metrics optimised to the properties of HTS data, rather than
using HTS data with metrics that were developed and optimised for
morphology-based assessment (Kelly et al., 2018b).
In conclusion, it is impossible to recommend one pipeline over an-
other in this study although a few key lessons can be learned regarding
their use for environmental assessment. Differences in clustering
methods were a great source of disparity in the results, and computation
time could be lowered with strict filtering and the use of ISUs units. Re-
laxed filtering combined with a strict assignment algorithm allowed for
a better taxonomic assignment with fewer conflicts but at the expense
of increased computation time. The balance between sequence filtering
(data loss), computation time and accuracy of the results was optimal in
the Mothur-HR script for ecological assessment with the IPS, but did not
catch the whole taxa diversity. The Diagnosyst-SE pipeline would proba-
bly perform best in cases where the taxonomic diversity is the focus. The
choice of parameters within a pipeline should thus bemotivated by the
objective of the bioinformatics analyses: taxa diversity, with presence/
absence and relative abundance data, ecological index etc. There is
also a strong case for achiving raw metabarcoding outputs to enable
data to be reworked as understanding of bioinformatics improves.
Quantificationdiscrepancies of taxa are a commonproblemof the cur-
rent approaches used for diatoms metabarcoding, and one of the main
challenges of its use for monitoring. Ji et al. (2020) recently developed a
pipeline to enable the accurate quantification of eukaryotic taxa by com-
bining shotgun sequencing, DNAmapping to mitogenomes and the com-
bination of three correction factors to remove false positives and to
correct the stochasticity effect during sequencing and across runs. This
pipeline opens new potential for taxa quantification, but seems rather
complex for an application to mass routine monitoring. It becomes
more and more apparent that the use of relative abundance may not be
the gold standard in metabarcoding, and the potential of other metrics
such as taxa presence/absence (Buchner et al., 2019) and life forms
need to be investigated for the development of future approaches.
4.5. Comparison of the two DNA markers
4.5.1. Preferential identification of taxa
Our results show that different numbers of reads were assigned to a
specific taxon depending on which marker was used. The results could
hint at greater variability of the 18S-V4 DNA fragment in diatoms in
our dataset as compared to the rbcL fragment. The 18S-V4 DNA frag-
ment is awell-known hyper-variable region,whichmakes it interesting
for barcoding and metabarcoding, but it is not always easily aligned
when using automatic alignment tools (e.g. MAFFT, MUSCLE, Clustal).
It is possible that some insertions/deletions might be mistaken as chi-
meras (Boyer et al., 2016). Frequent introns can also make the se-
quences much longer than the lengths set for sequence filtering in the
pipeline's parameters, therefore those sequences might be discarded
(Gaonkar et al., 2018). Alternatively, indels and Taq substitution errors
that could be actual artefactsmight not be detected and removed during
the filtering, therefore increasing the number of OTUs (Brown et al.,
2015; Bálint et al., 2016; Tedersoo et al., 2018). In comparison, the
rbcL fragment aligns more easily and allows for a more straightforward
detection of error/chimeras.
Some taxawere detected by bothmarkers, and otherswere only de-
tected by one of them. For example, Navicula tripunctata is often anabundant species in biofilm samples, and was detected by all pipelines
and both markers, albeit with great variation in the number of reads
among datasets, especially when using the 18S-V4marker. The discrep-
ancieswere evenmoremarked for Eunotia and Fragilaria species (Fig. 4a
and b). One possible reason is that while our custom reference database
included reference barcodes for the same taxa with both markers, it did
not account for the strain origin or for the number of reference se-
quences included. For example, there are two barcodes for Amphora
pediculus in the 18S-V4 reference database, while there are 22 barcodes
in the rbcL reference database. Thus, the rbcL reference database allows
for more variations in the gene marker and may, in turn, detect a wider
diversity of query sequences of A. pediculus.
However, in the case of the Eunotia species, E. bilunaris was repre-
sented by 11 barcodes in the rbcL reference database and only one
barcode in the 18S-V4 reference database. Nonetheless, the species
was detected in similar proportions by both markers. And while both
reference databases had only one barcode each for E. pectinalis,
E. glacialis and E. implicata respectively, these three species were
found in very different proportions depending on which marker or
pipelinewas used. In this case, the reference databasewas not necessar-
ily the origin of these discrepancies, and they probably result fromother
bias in the metabarcoding approach such as template competition and
stochasticity during PCR and sequencing (Bálint et al., 2016; Alberdi
et al., 2018). Another explanation might be that some taxa are better
separatedwhen using one or the other DNA fragment, or that Scandina-
vian diatoms might be slightly genetically different from the available
reference barcodes of Central European strains.
4.5.2. Better pipeline performance with the rbcL reference database and
datasets
Overall, we observed fewer discrepancies, both in taxa assemblages
and in ecological assessment (IPS scores and ecological status), when
using the rbcL marker than when using the 18S-V4 marker. The rbcL
datasets included more taxa diversity, and generated assemblages that
were better correlated to each other and to the microscopy dataset.
The index scores calculated and the status classes derived from these
were also better correlated to microscopy-based ecological assessment
when using the rbcLmarker. Both DNAmarkers performwell for diatom
identification for monitoring purposes (while acknowledging that the
use of short DNA fragment limits taxa discrimination) and all of the
pipelines selected in this study have been optimised for a use with
one of these markers. MetBaN-DE and SLIM-CH were developed and
optimised on HTS data of the 18S-V4 DNA marker, but these pipelines
still performed better with the rbcLmarker in the present study.
We used three pairs of degenerated primers for the rbcL fragment,
raising its detection and discrimination power, but only one pair of
primers for the 18S-V4 fragment. Moreover, a recent extensive curation
effort on the diat.barcode reference database (Rimet et al., 2019) has
improved the quality of taxonomic assignment with the rbcL marker.
These curation efforts have been focused on the rbcL barcodes only,
and no similar curation has been done on the 18S-V4 barcodes yet.
Even with our “partial” reference database, this could explain why the
rbcL marker performed better than the 18S-V4 marker in our study.
We recommend using awell-curated reference database rather than
a non-curated one, however, extensive, for quality purposes, because
accurate taxonomic assignments, even with low numbers of taxa,
proved efficient for ecological assessment.
5. Conclusion
This exercise provides an overview and deeper insight into the ap-
proaches currently developed for environmental assessment based on di-
atom metabarcoding. All the pipelines tested in this study were heavily
optimised by their working group to produce the best possible represen-
tation of the HTS data. However, the different antecedents of the working
groups and different training datasets used in the development of the
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base, ecological index…) resulted in relatively low reproducibility of the
pipelines performances when confronted with a different “type” of data.
Discrepancies in the detection and quantification of the relative abun-
dance of taxa, both between the pipeline's outcomes, and between HTS
and microscopy data, remained a dominant problem. However, the
large variation in bioinformatics parameters between pipelines made it
difficult to disentangle their effects on the taxa list outcome. Any future
intercalibration exercises comparing molecular methods thus need to
make sure that a standardized pipeline is used for data analysis. We also
found a direct error in one of the scripts leading to taxa differences,
highlighting the need for quality control in routine analysis using positive
controls with calibrated and mock data (Siegwald et al., 2017, Elbrecht
and Steinke, 2019). Such positive controls would also ensure that newly
developed metrics based on molecular data are broadly applicable and
not specific to particular pipelines. Our study clearly shows that there is
a need to encapsulate best practice for bioinformatics pipelines in a
European technical standard to ensure that datasets are compatible and
reflect the entire natural diatom assemblage (Kelly et al., 2019). We
would also like to stress the need for good representation of the assem-
blages (bearing in mind that microscopy, itself, gives a biased picture),
to allow for future development of metrics based not just on the existing
approaches but also on the analysis of life-formsor guilds,which still need
underlying species data. The future of ecological assessment with diatom
HTSdata probably lies in thedevelopment of new indices using, for exam-
ple, the information thatmolecular data can give us on (semi)cryptic taxa
and the unravelling of species complexes. However, to make the best use
of such data, we need large-scale attempts to better understand diatom
ecology and distribution. Our critical comparison ofmolecular andmicro-
scopical data was necessary to understand how taxonomic information is
affected by bioinformatics. However, the longer-term goal should be to
break free from thepreconceptionswehave broughtwith us fromcareers
based around light microscopy and to recognise HTS data as distinct. A
critical comparison of HTS and microscopy is a necessary starting point,
but may eventually become a constraint.
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